A BST RACT : Objective: To profile the amine/phenol submetabolome to determine potential metabolite biomarkers associated with Parkinson's disease (PD) and PD with incipient dementia. Methods: At baseline of a 3-wave (18-month intervals) longitudinal study, serum samples were collected from 42 healthy controls and 43 PD patients. By wave 3 (year 3), 16 PD patients were diagnosed with dementia and were classified as PD with incipient dementia at baseline. Metabolomic profiling using dansylation isotope labeling liquid chromatography mass spectrometry was conducted to compare controls with the full PD, PD with no dementia, and PD with incipient dementia groups. Results: Metabolomic analyses detected 719 common metabolites in 80% of the samples. Some were significantly altered in pairwise comparison of different groups (fold change of >1.2 or <0.83 with q < 0.05). We discriminated PD and controls by using a 5-metabolite panel, vanillic acid, 3-hydroxykynurenine, isoleucyl-alanine, 5-acetylamino-6-amino-3-methyluracil, and theophylline.
The receiver operating characteristic curve produced an area-under-the-curve value of 0.955 with 87.5% sensitivity and 93.0% specificity. In comparing PD with no dementia with PD with incipient dementia, we used an 8-metabolite panel, His-Asn-Asp-Ser, 3,4-dihydroxyphenylacetone, desaminotyrosine, hydroxy-isoleucine, alanyl-alanine, putrescine [-2H], purine [1O] and its riboside. This produced an area-under-the-curve value of 0.862 with 80.0% sensitivity and 77.0% specificity. Conclusions: The significantly altered metabolites can be used to differentiate (1) PD patients from healthy controls with high accuracy and (2) the stable PD with no dementia group from those with incipient dementia. Following further validation in larger cohorts, these metabolites could be used for both discrimination and establishing prognosis in PD. Parkinson's disease (PD) is a common progressive neurodegenerative disorder associated with the loss of dopaminergic neurons in the substantia nigra and production of Lewy bodies composed of a-synuclein proteins. 1 Clinical PD diagnosis is based in part on impaired motor abilities such as bradykinesia, rigidity, tremor, and postural instability. To date, no definitive single or set of biomarkers for PD have been discovered. 2 PD misdiagnosis rates were about 10% in 2001 3 and 6% in 2009, 4 rates that may depend on duration and stage of disease. 5 Therefore, the first goal of this research was to use systematic and unbiased metabolomics technology to detect a set of biomarkers that reflect disease pathways and might contribute to accurate discrimination. In addition to motoric impairment, up to 80% of PD patients eventually show cognitive impairment, including dementia, during the course of the disease, compromising quality of life and raising economic costs. 6 Therefore, the second goal of this research was to discover biomarkers that can be useful in discriminating PD patients who may remain dementia free (PDND) from those at risk for developing dementia. A better understanding of the metabolic pathways of PD patients with incipient dementia (PDID) can lead to improved disease monitoring and interventions targeted to patients according to dementia risk (see Supplemental Note S1.1 for the definition of dementia).
Metabolomics is an emerging field for biomarker discovery in human aging and neurodegenerative diseases. 7 A previous metabolomics study on cerebrospinal fluid detected an increase in concentration of 3-hydroxykynurenine and decrease in concentration of glutathione in PD patients, suggesting the involvement of neurotoxicity and oxidative stress in PD pathogenesis. 8 Several potential biomarkers have also been identified in serum samples, which is less invasive to collect, including those involved in oxidative stress, 9 purine metabolism, 10 caffeine and xanthine metabolism. 11 However, because of the complexity of the metabolome, new technologies providing larger coverage and better quantitative capability will enable the discovery of more specific metabolic biomarkers, for both PD discrimination and early PDID subclassification. Chemical isotope labeling liquid chromatography mass spectrometry (CIL LC-MS) that uses different labeling reagents to target chemical-group-based submetabolomes is a relatively new analytical platform for generating comprehensive and quantitative metabolomic profiles for biomarker research. 12 In the present study, we applied dansylation CIL LC-MS targeting the amine/phenol submetabolome to find the key metabolic differences in serum between 2 sets of groups. The overall study used a longitudinal design with baseline serum collection and 2 18-month follow-ups. Using the baseline serum we performed 2 comparisons of metabolomics profiles: (1) PD patients and healthy controls and (2) PD patients who remained dementia-free for 3 years and PDID patients who developed dementia within this interval.
Methods Participants
Clinically established PD patients (n 5 52) and ageand sex-matched healthy controls (n 5 50) aged between 64 and 84 years volunteered for a 3-wave (18-month intervals) longitudinal study in Edmonton, Canada, as previously detailed. 13, 14 At baseline, PD patients (1) met standard criteria for PD, (2) did not meet criteria for atypical parkinsonism, and (3) did not have unstable health conditions compromising survival. Patients who developed abnormal imaging such as a stroke or atypical features with follow-up were also excluded. They were recruited from movement disorder clinics, the Parkinson's Society of Alberta, and from community neurologists. The control group was recruited by advertisement in seniors' centers and magazines, control and patient contacts, and general medicine clinics. The University of Alberta health ethics review board approved this study, and all participants provided informed consent. For both groups, we excluded participants with baseline dementia, stroke, atypical parkinsonism, or attrition. In addition, 1 control participant was excluded as an outlier in the metabolomics analysis. Thus, there were 43 patients and 42 controls in the final groups. Participants performed 3 waves of standardized assessments, including assessments for cognitive function and dementia (see Supplemental Note S1.2 for more details). Of the 43 baseline PD patients, 16 were diagnosed with dementia at wave 3. No further blood was taken and therefore the analyses (group comparison and prediction of dementia group at wave 3) were based on baseline blood work. Note that the exclusion described above was done before the metabolomic analysis. One outlier in the control group was excluded after the analysis, as the participant's metabolomic data were too different from those of other participants. A possible reason of having this outlier could be contamination during sample collection.
We performed 2 pairwise metabolomics analyses. The first comparison evaluated the metabolomic profiles of the full available baseline groups, including 43 PD (no dementia at baseline) patients (mean age 5 70.71 years; sex 5 44% female) and 42 controls (mean age 5 71.49 years; sex 5 45% female; see Table 1 ). The second comparison evaluated the profiles for 2 PD subgroups, those who remained dementia free at wave 3 (n 5 27; mean age 5 69.58 years) and those who were diagnosed with dementia at wave 3. The latter were classified post hoc as PDID at baseline (n 5 16; mean age 5 72.62 years). Duration of disease did not differ significantly between PDID (9.59 6 5.1 years) and those remaining cognitively intact (7.75 6 4.1, P 5 .19).
Baseline comparisons are shown in Table 1 . PD patients did not differ from controls in age, education, sex distribution, or cognitive status. The PDND and PDID subgroups were similar, differing slightly only on age and initial cognitive status (both means above impairment cut-offs). Although they did not differ statistically on the key comparisons of levodopa equivalents and the Unified Parkinson's Disease Rating Scale, the levodopa equivalent dose was higher in the PDID, despite slightly lower UPDRS part 3.
Serum Samples and Dansylation LC-MS Metabolomic Profiling
Serum was collected at baseline only from all participants and stored at 280 8C. To reveal small C-dansyl chloride and a pooled sample generated by mixing small aliquots of samples was labeled by 13 C-dansyl chloride (Supplemental Note S2). Each 12 C-labeled sample was mixed with an aliquot of 13 C-labeled pooled sample, followed by an LC-MS analysis of the mixture. All the labeled metabolites were detected as 13 C-/ 12 C-peak pairs, and the peak ratios were determined and used for quantitative metabolomic analysis of the individual samples.
We minimized variations in total sample amount in different samples to detect the individual metabolite concentration differences in comparative samples more accurately by performing sample normalization. Specifically, we applied an LC-UV method to determine the total concentration of dansyl-labeled metabolites based on the UV absorption of the dansyl group 15 (Supplemental Note S2). Before the LC-MS analysis, we mixed the 12 C-labeled individual sample with the same mole amount of 13 C-labeled pool, according to the total concentrations of labeled metabolites, for sample amount normalization.
For LC-MS analysis, a Bruker maXis impact highresolution quadrupole time-of-flight mass spectrometer with electrospray ionization (Bruker, Billerica, Massachusetts) combined with an Agilent 1100 HPLC (Agilent Technologies, Inc., Santa Clara, California) was used (Supplemental Note S2).
Data Processing and Statistical Analysis
The 12 C-/ 13 C-peak pairs from each LC-MS run were extracted by the IsoMS software. 16 IsoMS-Align was used to align the peak pair data from different samples by retention time and accurate mass. The missing ratio values were filled back by using the Zero-fill program. 17 IsoMS-Quant 18 was used to generate the final metabolite-intensity table, which was exported to SIMCA-P1 12 (Umetrics AB, Umeå, Sweden) for analysis. We followed the method described in the work of LeWitt and colleagues 8 for statistical analysis (Supplemental Note S1.3). To avoid overfitting, we calculated the q value for each P value using QVALUE. 19 Supplemental Table T1 lists the P values and q values for control versus PD and PDND versus PDID. Metabolite identification was done using a DnsID standards library 20 for positive identification as well as the Human Metabolome Database (HMDB) library and Evidence-based Metabolome Library (EML) database for putative identification (see Supplemental Note S1.4 for the definition of putative identification). 21 
Results

Submetabolome and Metabolite Identification
Dansylation labeling LC-MS targets the analysis of the amine/phenol submetabolome; many metabolomic pathways contain the amine-and phenol-containing metabolites. A total of 719 metabolites were commonly detected in 80% of the 85 samples. Among them, 66 metabolites were positively identified using an in-house-developed dansyl standard library consisting of 273 compounds (Supplemental Table T2 ). For the remaining peak pairs, accurate mass search with a mass accuracy tolerance of 0.005 Da putatively identified 333 metabolites using the HMDB database and 282 metabolites in the EML database using MyCompoundID 21 (Supplemental Table T3 ). In total, 681 of the 719 metabolites (95%) were either definitely or putatively identified.
Comparative Metabolome Analysis for PD Biomarker Discovery
The partial least squares-discriminant analysis (PLS-DA) and orthogonal partial least squares-discriminant analysis (OPLS-DA) score plots are shown in Supplemental Figure S1 . Figures S1A and S1B show that there was a significant difference between the healthy controls (in green) and the PD patients (in red). This group separation was validated in a permutation test ( Figure S1C ). Note that in our data analysis the PLS The volcano plot shown in Figure S1D displays 28 metabolites with fold change (FC) > 1.2, q < 0.1 (in red) and 48 metabolites with FC < 0.83, q < 0.1 (in blue). Supplemental Table T4 lists the significant metabolites identified. Four significant metabolites, identified as 4-hydroxy-benzenepropanedioate, vanillylmandelic acid-isomer, alpha-methyldopa, and methylguanine, were observed only in the PD group. The dansyl library identified citrulline, methionine sulfoxide, pantothenic acid, glycyl-valine, pipecolic acid, serotonin, vanillic acid, vanillylmandelic acid, theophylline, and hydroxykynurenine.
Among significant metabolites, there were several catecholamine metabolites. Some metabolites from the tryptophan pathway were also detected and quantified. Biopterin had an increased concentration in the PD group. Some significant metabolites in Supplemental Table T4 were related to oxidative stress, such as citrulline and methionine sulfoxide. Finally, caffeine metabolites were detected as altered in PD.
Comparative Metabolome Analysis of PD With and Without Incipient Dementia
Supplemental Figures S2A and S2B show the PLS-DA and OPLS-DA score plots, respectively, for the comparison between PDND and PDID. The permutation test result is shown in Figure S2C . These analyses indicate that the two groups were separated based on the metabolomic data set.
The volcano plot ( Figure S2D ) shows 21 metabolites with FC > 1.2, q < 0.1 (in red) and 15 metabolites with FC < 0.83, q < 0.1 (in blue). Among the 36 significant metabolites, 16 were identified (see Supplemental Table T5 for the list). Among these 16 metabolites, 2 metabolites were definitely identified by the library and the others were putatively identified based on a database search. The 2 definitely identified metabolites are desaminotyrosine and 5-hydroxylysine.
Common Discriminating Metabolites
A comparison of the metabolites listed in Supplemental Tables T4 and T5 indicate that there are 5 common significant metabolites. For example, 3, 4-dihydroxyphenylacetone, a significant metabolite in the PDND-PDID comparison (Supplemental Table  T5 ), also significantly differentiated PD patients from the healthy controls (Supplemental Table T4 ). For this metabolite, the averaged peak pair ratio in the control group was 0.006 6 0.012. In the PDND and PDID subgroups, the averages were 2.16 6 1.63 and 3.34 6 1.95, respectively.
Receiver Operating Characteristic Curves
Metaboanalyst 3.0 was used to generate a receiver operating characteristic (ROC) curve for differentiating PD (baseline) from healthy controls. The classification model was built by the random forest method based on the following 5 metabolites: vanillic acid, 3-hydroxykynurenine, isoleucyl-alanine, 5-acetylamino-6-amino-3-methyluracil, and theophylline. The procedure for selecting the 5 metabolites as the panel is given in Supplemental Note S1.6. The area-under-the-curve (AUC) value for each of the metabolites separately was found to be 0.939, 0.781, 0.794, 0.730, and 0.714, respectively. Of interest, using vanillic acid alone, we could achieve both sensitivity and specificity at 90.0%. The discriminating power was improved by combining these 5 metabolites into a biomarker panel. The corresponding ROC curve shown in Figure 1A produced an AUC value of 0.955, which is within the range of 0.89620.990 at the 95% confidence interval. Discrimination of PD from controls can be achieved at 87.5% sensitivity and 92.0% specificity. Using a permutation test, we did not find any overfitting of the ROC results (Supplemental Note S1.7).
For differentiating the PDND and PDID subgroups at baseline, we found that the discrimination power of a panel based on the 2 definitely identified metabolites was not strong (AUC 5 0.673). The univariate AUC of 5-hydroxylysine is 0.659 and that of desaminotyrosine is 0.674. Thus, we selected the following 8 putatively identified biomarker candidates with highly ranked independent AUCs to form a panel: His-Asn-Asp-Ser (AUC 5 0.597), 3, 4-dihydroxyphenylacetone (0.677), desaminotyrosine (0.640), hydroxy-isoleucine (0.610), alanylalanine (0.737), putrescine [-2H] (0.736), purine [1O] (0.627), and its riboside (0.597). As can be seen in Figure  1B , the ROC curve for this biomarker panel produced an AUC value of 0.862, which is within the range of 0.75720.955 at the 95% confidence interval. This panel can provide discrimination with sensitivity of 80.0% and specificity of 77.0%. The procedure for selecting the eight metabolites as the panel is also given in Supplemental Note S1.6. Using a permutation test, we did not find any overfitting of the ROC results (Supplemental Note S1.7).
We have examined whether the use of any unidentified significant metabolites (there were 38 in total; see Supplemental Table T6 ) could increase the differentiation power. We found that there was no significant increase in performance when one or more of these were used to replace the panels described previously (Supplemental Note S1.8). We also compared the significant metabolites found using PLS-DA and the random forest method; the top 10 metabolites were the same (Supplemental Note S1.9). AUC of 0.955 with sensitivity of 87.5% and specificity of 93.0%. Second, we compared 2 subgroups of the initial PD group, again using baseline serum samples. PD patients who have yet to meet the criteria for a dementia diagnosis represent a detectably early and more advanced transitional phase of PD. Chia and colleagues 22 observed metabolomic changes in the cerebrospinal fluid of PD patients already diagnosed with dementia and depression. Notably, these subgroups were determined 3 years after the baseline clinical evaluation did not detect incipient dementia. The present task met the challenge of detecting biomarkers of PD dementia prior to clinical diagnosis. Specifically, using a panel of 8 metabolites in ROC analysis, we obtained an AUC of 0.862 with sensitivity of 80.0% and specificity of 77.0%. These results hold promise for PD discrimination and prognosis as well as identification of pathways leading to dementia within PD patient groups that may assist in identifying targets for intervention. Although the markers we have identified are not in presymptomatic or early patients, patients with established disease are at risk for cognitive decline and dementia, features that are critically relevant to clinical decisions regarding future planning and treatment options (such as having deep brain stimulation).
M E T A B O L O M I C S A N D P D B I O M A R K E R S
As Gerlach and colleagues 23 suggested, biomarkers for PD should not only be linked to fundamental features of PD neuropathology but also be correlated to the disease progression assessed by clinical rating scales. Our approach targeted the amine/phenol-containing metabolites; other metabolites would require other labeling approaches. For the first set of results, the pathway analysis showed that catecholamine metabolism, tryptophan metabolism and caffeine metabolism were the most relevant metabolomics pathways found to be affected by PD. In addition, metabolites related to oxidative stress were also identified.
Catecholamine Metabolism
The metabolites in the catecholamine pathway were excluded to avoid the interference of levodopa medication. However, vanillylmandelic acid (VMA), which is the end product of the catecholamine pathway, was retained as a significantly changed metabolite because some studies showed that urinary excretions of VMA and its up-stream metabolites (epinephrine and normetanehrine) were not greatly affected by levodopa. 24, 25 The FC of VMA between the PD group and the control group was as large as 3.80, suggesting a significant metabolic change caused by PD rather than medication. In addition, the isomer of VMA was detected only in the PD group. Moreover, the vanillylmandelic acid-isomer showed very similar FCs, although its origin and biological function is unclear. This relationship between VMA and PD has not been previously reported; this change is likely related to a disorder of the catecholamine pathway in which dopamine is produced. Vanillic acid is a food metabolite, which is often found in the urine of humans who have consumed coffee, tea, and vanilla-flavored food. 26 It may have an increased concentration in PD via conversion from VMA or homovanillic acid. The derivative of vanillic acid, vanillic acid [-CO] was also a unique metabolite in the PD group. The relative concentrations of these metabolites in the control group, the PDND subgroup, and the PDID subgroup are shown as box plots in Figure 2 . Despite the fact that all 4 have an increased concentration in the serum of PD patients, the relative concentrations in the PDID subgroup were higher than those in the PDND subgroup. These results support our previous discussion that a more advanced transitional phase of PD can be detected in PD patients biologically, even if not yet clinically.
Both methyldopa and 3, 4-dihydroxyphenylacetone were increased in the PD samples. Methyldopa is known to be an aromatic-amino-acid decarboxylase inhibitor in animals and in humans. 27 Declining levels of aromaticamino-acid decarboxylase may contribute to decreasing effectiveness of L-dopa medication over time. 28 A metabolite of methyldopa via aromatic-amino-acid decarboxylase, 29 3, 4-dihydroxyphenylacetone, was greatly increased in concentration in the PD group, but its role is unknown.
Tryptophan Metabolism
Although the concentrations of tryptophan and kynurenine did not change greatly, increased relative concentration of 3-hydroxykynurenine in the PD group was observed. Figure 3 shows the relative concentrations of tryptophan, kynureinine, and 3-hydroxykynurenine in different groups. Metabolites of the kynurenine pathway are believed to play crucial roles in maintaining normal brain function. 30 Kynurenine is the down-stream metabolite of tryptophan that can be further converted to 3-hydroxykynurenine or kynurenic acid. 3-hydroxykynurenine is a neurotoxic metabolite that causes neuronal death. 31 However, kynurenic acid behaves as an endogenous neuroprotective agent. 32 Consistent with our results, LeWitt and colleagues 8 reported that the cerebrospinal fluid concentration of 3-hydroxykynurenine was increased in PD patients.
Caffeine Metabolism
Although caffeine cannot be labeled by the dansylation reagent, some of its metabolites are labeled and were detected as significantly changed metabolites (Supplemental Figure S3A ). Theophylline can be labeled by the dansylation reagent. Paraxanthine cannot be labeled, but its down-stream metabolite, 5-acetylamino-6-amino-3-methyluracil, was detected as a significant metabolite. Although methylxanthine was detected and was in the variable importance in projection (VIP) list (Supplemental Table T4 ), we could not differentiate its 3 isomers without standard. Xanthine is the end product of caffeine metabolism. It was detected and identified by the dansyl standard library. Figures S3B to 3D show the relative concentrations of theophylline, 5-acetylamino-6-amino-3-methyluracil, and xanthine in different groups. The concentrations of caffeine metabolites were lower in the PD group. Xanthine can also be converted from hypoxanthine and guanine in the purine pathway, and its concentration changed marginally.
It has been widely reported that coffee and tea consumption could protect against the risk of PD. 33 A possible reason for this phenomenon is that caffeine is an antagonist of the adenosine A 2a receptor, which has a role in the regulation of glutamate and dopamine release. 34 Adenosine A 2a antagonists can modify motor function and are being tested for the treatment of PD. 35 Caffeine metabolites, such as theophylline, may act as adenosine A 2a receptor antagonists. 36 We did not determine caffeine intake in our participants; however, in recent work by Hatano and colleagues, 11 serum levels of caffeine and caffeine metabolites were lower in PD patients than controls, even though there was no difference in caffeine consumption.
Oxidative Stress
Supplemental Figure S4 shows the relative concentrations of methionine, an isomer of methionine and citrulline. According to our results, methionine sulfoxide and its isomer had increased concentrations in the PD group. Methionine sulfoxide is an oxidation product of methionine with reactive oxygen species and thus is considered as a biomarker of oxidative stress. 37 It has also been reported that the oxidation of methionine residues could play an important role in the aggregation of normally soluble a-synuclein in PD. 38 The average concentration of methionine sulfoxide in the 2 subgroups was similar, implying that the extent of peripheral oxidative stress does not increase dementia risk. On the other hand, citrulline, an oxidization product of arginine, had a decreased concentration. It is reported to be an efficient hydroxyl radical scavenger. 39 Increased oxidative damage occurs in all human neurodegenerative diseases, including PD, 40 and some studies suggest that oxidative stress may be a factor in the loss of dopaminergic neurons. 41 
Additional Subgroup Comparisons
Post hoc comparisons showed the metabolic data discriminated subgroups of dementia severity (Supplemental Note S1.10), but not age (Supplemental Note S1.11).
Limitations
First, our study examined a single cohort of participants who were being treated for PD at 1 center (Supplemental Note S1.12). Future studies should replicate and extend our results. One specific direction would be to examine untreated patients to estimate the potential confounding of medications. In this work, although not statistically significant, the PDID group did differ from the cognitively stable PD group in some characteristics, including baseline disease duration, UPDRS part 3, and levodopa equivalent dose (LED). We note, however, the important point that the groups did differ at baseline on global cognitive performance (MMSE), but no participant had functionally significant impairment (dementia). This highlights the importance of replicating and extending the present study with careful attention to matching on baseline characteristics. Second, diet may affect the metabolic profiles (Supplemental Note S1.12). Third, we collected blood only at baseline and thus intrapatient comparisons of metabolomic changes (Supplemental Note 1.12) or correlations of changes with PD progress (Supplemental Note 1.13) are not possible. Fourth, the dansylation labeling mainly enhances the detection of the amine/phenol-containing metabolites, but it cannot detect other important metabolites in related pathways. Applying other labeling techniques to target different groups of submetabolomes will expand the overall metabolome coverage in the future. Fifth, in this work, there was no external dataset for validation, and the sample size was relatively small for validation work. In the future, more participants will be enrolled for the validation of the novel biomarker candidates comprising the panels observed in this study.
Conclusions
Metabolomic analyses of serum are useful tools for identifying novel biomarker panels for both PD discrimination and the early detection of established PD patients who are at risk for transitioning to dementia. Follow-up studies can provide insights into potential pathways of PD neuropathology, including those associated with early discrimination and identification of risk for dementia.
